To facilitate the analysis of gene regulatory regions of the mouse genome, we developed a CisView (http:// lgsun.grc.nia.nih.gov/cisview), a browser and database of genome-wide potential transcription factor binding sites (TFBSs) that were identified using 134 position-weight matrices and 219 sequence patterns from various sources and were presented with the information about sequence conservation, neighboring genes and their structures, GO annotations, protein domains, DNA repeats and CpG islands. Analysis of the distribution of TFBSs revealed that many TFBSs (N ¼ 145) were over-represented near transcription start sites. We also identified potential cis-regulatory modules (CRMs) defined as clusters of conserved TFBSs in the entire mouse genome. Out of 739 074 CRMs, 157 442 had a significantly higher regulatory potential score than semirandom sequences generated with a 3rd-order Markov process. The CisView browser provides a user-friendly computer environment for studying transcription regulation on a whole-genome scale and can also be used for interpreting microarray experiments and identifying putative targets of transcription factors.
Introduction
The analysis of regulatory regions is a major challenge for contemporary genomics, which requires both experimental and computational studies. Several software tools are available for predicting transcription factor binding sites (TFBSs) in DNA sequences, including MatInspector, 1 TRED 2 and MATCH. 3 Browser rVISTA allows cross-species comparison of TFBSs in the promoters of orthologous genes. 4 A database of mouse and human promoters at UIC (PAGen@UIC) contains information on the location of major TFBSs within 2 kb upstream and 250 bp downstream of a transcription start site (TSS). 5 The ECR browser 6 displays conserved TFBSs in the entire mouse genome, but it uses only a small fraction of known TFBS motifs, and there is no information on nonconserved TFBSs, repeats and CpG islands. This browser does not support queries on specific TFBSs in their promoters. Thus, there is no software that combines genome-wide browsing of TFBSs with sufficient context information (e.g. nucleotide composition, CpG islands, repeat type, evolutionary conservation score and neighboring genes) and tools for analysis of promoters. Furthermore, most tools examine only short segments of promoters, which are not long enough to identify regulatory elements in mammalian genomes. Although the UCSC genome browser 7 can incorporate various kinds of DNA annotations including TFBSs, the information on TFBSs is not available for the mouse genome. Besides, the UCSC genome browser does not offer specialized tools for the analysis of regulatory sequences (e.g. highlighting one or several specific TFBSs and searching for pairs of TFBSs at a certain distance).
Functional TFBSs are usually clustered because of the cooperative nature of transcription factors. 8, 9 Clusters of functional TFBSs or cis-regulatory modules (CRMs) are classified into proximal CRMs (i.e. promoters) and distal CRMs (DCRMs) that include enhancers, silencers and insulators. 10 In contrast to the proximal CRMs, which have been intensively studied and documented, DCRMs are poorly characterized. The only approach implemented for predicting DCRMs in mouse is the analysis of conserved non-coding sequences. 11 To reduce the number of false positives it is important to use additional information including TFBSs as it has been done for Drosophila. 12 A database of predicted DCRMs is also required to have common reference points for describing the regulatory regions of specific genes.
In this paper we present a browser CisView to visualize and query the locations and internal structures of regulatory regions in the mouse genome in combination with a database of predicted TFBSs and CRMs (http://lgsun. grc.nia.nih.gov/cisview).
Materials and methods

Mapping TFBSs on the mouse genome
TFBSs were predicted in the entire genome using transcription factor binding models (TFBMs) in the form of position-weight matrices or sequence patterns. Most position-weight matrices are based on the TRANSFAC database (public version 7.0). 13 Because TRANSFAC database has many redundant entries, we manually combined 291 vertebrate position-weight matrices into 115 groups based on overlapping gene sets and/or matrix similarity. Also we trimmed regions with low-information content or with inconsistencies between various matrices describing binding sites of the same transcription factor (TF), as it is documented in our web site (e.g. http:// lgsun.grc.nia.nih.gov/geneindex/mm6/TFBS/TF OCT. html). After trimming one matrix was built for each group. A similar effort to group TFBS patterns into a smaller number of families was reported earlier.
14 The second major source of TFBMs was the set of 174 patterns over-represented in conserved regions of mammalian promoters. 15 Out of these 174 patterns, 69 patterns corresponded to known TFs. We also added TFBMs manually from the literature (see the web site for references). In total, 134 matrices and 219 sequence patterns were used to identify potential TFBSs (below we refer to them simply as TFBSs).
Sequence patterns contained both exact matching symbols (A, T, G and C) and degenerate symbols (e.g. R, Y and N). Because mismatches between DNA sequence and a pattern were not allowed, some long patterns generated too few hits. This problem was handled by treating patterns with total information measure for all symbols !18 bits (N ¼ 19) as matrices and allowing mismatches as described below. The information measure of a symbol ¼ 2, 1, 0.42 and 0 bits if it included 1, 2, 3 and 4 possible nucleotides at the same position, respectively.
Search for binding sites characterized by a positionweight matrix started with a search for a core pattern that is the most informative portion of the binding site. A traditional approach to detect the core is based on the maximum information measured for four consecutive positions in the matrix. 1 However, this method may not perform well for binding sites with a long stretch of the same nucleotide or with two groups of most specific positions separated by a gap (e.g. in palindromes). Thus, we developed a new method to identify the core pattern, which consisted of three or four elements characterized by two most dramatic changes in nucleotide frequency between positions measured by
where c j is the degree of change from position j to position j þ 1, p ij is the frequency of nucleotide i at position j and I j is the information measure [i.e. P i p ij log 2 (p ij )] at position j. Core patterns were allowed to contain degenerate symbols and in this case they included nucleotides that occurred at frequencies >50% of the maximum frequency at that position. Some core patterns had two pairs of nucleotides separated by some distance. For example, the TF CDP binding site had a core ATNNAT. A full list of core patterns can be downloaded from our website. Our method addressed two problems of core patterns: it can generate cores with gaps and it has a strong preference for non-uniform patterns. The match of the core pattern ensured the proper position of the matrix and reduced the number of false positives.
Each match of the core pattern was then examined if it also matched with the entire matrix using a similarity score. The similarity score is equal to the sum of character heights in a sequence logo 16 divided by the sum of maximum heights at all positions, which is equivalent to the score used in the MatInspector. 1 The minimum similarity threshold was allowed to be 0.8 (i.e. 20% mismatch). However, for abundant TFBSs we used higher similarity thresholds adjusted so that the frequency of matches in CpG-rich and CpG-poor semi-random sequences did not exceed 1 per 500 bp and 2000 bp, respectively. We used different thresholds for CpG-rich and CpG-poor semirandom sequences, because CpG islands are enriched in promoters and can be regulated epigenetically 17 ; hence, they are more likely to be enriched in functional TFBSs. Semi-random sequences were generated using third-order Markov models with transition probabilities estimated from CpG-rich and CpG-poor regions in mouse promoters. Following the identification of the similarity threshold for each TFBS, the method was then applied uniformly to the entire genome sequence.
Identification of promoter regions
To identify TSSs, we used the following primary data sources: (i) the mouse genome sequence assembled in March 2005 (mm6) 18 ; (ii) DBTSS database ver. 5.2, which was compiled from a large set of full-length cDNAs 19, 20 ; (iii) NIA Mouse Gene Index, ver. mm6, 21, 22 which was compiled from all publicly available mouse cDNA sequences (including full-length cDNA sequences from the RIKEN, 23 Mammalian Gene Collection, 24 
KAZUSA
25 ), NCBI RefSeq, 26 Ensembl transcripts, 27 and expressed sequence tags (ESTs) from dbEST, including the WashU 28 and NIA cDNAs 29 ; and (iv) potential TSSs predicted by the FirstEF software, which uses discriminant functions to identify TSSs and potential donor splice sites based on the frequency distribution of short motifs in the DNA sequence. 30 TSSs were compiled from several databases in an attempt to cover main and alternative transcripts of protein-coding genes in the mouse genome. Depending on the estimated levels of confidence, we arbitrarily divided TSSs into three groups: high-quality, mediumquality and low-quality. TSSs from DBTSS database were considered high-quality because they were identified using a large set of full-length cDNAs 19, 20 . Because the current DBTSS database was based on the earlier version of mouse genome (mm5), we used BLAT 31 to remap TSS coordinates to the mouse genome mm6 (N ¼ 18 503 after remapping). Medium-quality TSSs were identified as matches between two independent data sources, if they were >500 bp away from the high-quality TSSs. The first subset (N ¼ 4712) of medium-quality TSSs was taken from protein-coding transcripts (ORF !100 amino acids, or known function) in the NIA Mouse Gene Index, ver. mm6, 21, 22 if they matched with FirstEF software predictions within 300 bp. 30 We used 300 bp distance as a threshold for matching criterion, because it corresponds to the false discovery rate (FDR) 32 of $1% according to the following estimation. If 52 503 TSSs predicted by FirstEF were randomly distributed in the entire genome (3 Gb), then 387 of them in average would appear within 300 bp of 36 829 TSSs identified by aligning mRNA and EST sequences to the genome. Thus, the FDR is equal to 387/36 829 ffi 1%. The second subset (N ¼ 4219) of medium-quality TSSs was taken from protein-coding transcripts in the NIA Mouse Gene Index if they started within a CpG island but did not match with FirstEF predictions. CpG islands were detected as regions with a minimum of 8 CpG pairs within 250 bp. This threshold was selected based on the frequency distribution of CpG pairs in promoters (shown in the web site). The third subset (N ¼ 27) of mediumquality TSSs was taken from RefSeq sequences if they matched with FirstEF software predictions. Finally, low-quality TSSs (N ¼ 12 960) were taken from the NIA Mouse Gene Index, if they did not match with other data sources.
Recent experimental data showed that many promoters had a cluster of transcription starts rather than a single TSS. 33, 34 However, in the current version of CisView we used only one TSS per promoter as identified by DBTSS, NIA Mouse Gene Index or FirstEF, unless TSSs have opposite orientation or are separated by >500 bp. Although it has also been shown that multiple TSSs exist in the promoters, 35 considering all possible transcription starts within a promoter is not feasible currently, because it would increase the size of the database >10 times and cause considerable delays in performing searches. However, most functions of CisView (e.g. finding binding sites within 1 kb upstream of TSSs) are not critically affected by this treatment.
Tentative promoter boundaries for high-quality and medium-quality TSSs were set to the boundary of a CpG island, if it was present at TSSs; otherwise they were assumed to span from À200 to þ100 bp. The promoter boundaries were then adjusted by excluding transposon-related repeats and CDS, followed by merging with potential CRMs (see below). Promoters for lowquality TSSs were considered only if they coincided with a potential CRM.
Identification of CRMs
A potential CRM (below we refer to it simply as a CRM) was defined as a genomic region containing at least four conserved TFBSs within each 200 bp of its length (TFBSs in transposon-related repeats and CDS were not counted). Evolutionary conservation is a reliable indicator of functionality of TFBSs. 36, 37 If a CRM overlapped with a promoter, then it was merged with the promoter; if it overlapped with the 3 0 -UTR of genes, we considered it a 3 0 -UTR-associated CRM; and all other CRMs were considered as DCRMs. 3
0 -UTR-associated CRMs often regulate post-transcriptional processes such as mRNA stability and translation 15 ; we thus distinguished them from DCRMs, which are most probably involved in the regulation of transcription. Genome conservation scores and repeat coordinates were downloaded from the UCSC database. 38 Conservation score 0.5 was used as a threshold to consider a TFBS conserved.
Presence of high-quality TFBSs (i.e. with a low mismatch rate) as well as multiple TFBSs of the same kind in a CRM are considered as indicators of its function as a transcriptional regulator. 39 Thus, we estimated the Regulatory Potential of a CRM by a Score (RPS), which was a sum of regulatory scores for individual TFBS and regulatory scores for multiple TFBSs of the same kind. Our method of estimating RPS is different from the one by Elnitski et al. 40 We used only one genome (mouse), evolutionary conservation scores and matches of known TFBS patterns, whereas Elnitski et al. used multiple genomes without considering known TFBS patterns. The probability of accidental occurrence of TFBSs within a CRM of length L was estimated as P ¼ DðsÞ Á L where s is the similarity score of the binding site and D(s) is the density of binding sites with a similarity score !s in a semi-random sequence generated using third-order Markov process. Depending on whether a TFBS was located in a CpG-rich or CpG-poor region, we used semirandom sequence generated with transition probabilities estimated from CpG-rich or CpG-poor regions in the mouse genome, respectively. A regulatory score for a TFBS was estimated as [Àlog 10 (P) À 2] if P < 0.01, or set to 0 otherwise. The probability of accidental occurrence of multiple binding sites of the same kind, P m , was estimated as the product of probabilities of their individual occurrences, P. A regulatory score for multiple TFBSs was estimated as [Àlog 10 (P m ) À 2] if P m < 0.01 or set to 0 otherwise. The RPS, which is a sum of regulatory scores for individual TFBS and multiple TFBSs, was then estimated for all CRMs in the mouse genome. The probability distribution of RPS within CRMs of each size class (from 50 to 150; from 150 to 250; from 250 to 350; . . .; >1950 bp) was then compared with the probability distribution of RPS estimated for semirandom sequences of size 100, 200, . . ., 1900, >1900 bp (the last class included sequence sizes from 2000 to 3000 bp) generated using third-order Markov process with transition probabilities from CpG-rich or CpGpoor regions. Probability distributions of RPS were very similar for CpG-rich or CpG-poor semi-random sequences (Supplementary Figure S1 is available at www.dnaresearch.oxfordjournals.org), and, thus, we averaged them and used them for estimating P-values and the FDR of RPS in CRMs in the same size class. After sorting all CRMs by increasing P-values we estimated the false discovery rate for i-th CRM as FDR i ¼ P i N/i, where P i is the P-value for i-th CRM and N is the total number of CRMs. 32 We considered that a CRM had a significantly higher RPS than in semi-random sequences if FDR was 0.1.
Software and web interface development
The CisView browser uses cgi scripts (Perl) for generating pictures and web pages. To accelerate data processing we created data files, which included all the information on genes, sequences and TFBSs for each 60 kb region. Query tools allow users to search for specific TFBS patterns or their combinations in promoters or in DCRMs, to search for specific genes based on gene symbols, annotations, gene ontology (GO) terms or protein domains,and to search for promoters with different quality and/or with a TATA box. Any list of promoters produced by the query tool or uploaded by a user can be further analyzed for TFBSs over-represented in the list and GO terms and protein domains associated preferentially with the list. Protein domains and GO annotations were identified within the NIA Mouse Gene Index 21 using InterPro 41 and Gene Ontology database. 42 Over-representation of TFBSs in promoters of genes with specific GO annotations was evaluated statistically using z-scores estimated by the hypergeometric distribution and FDR 0.1. Three regions of the promoter, i.e. the upstream region of TSSs (À1000 to À200 bp), at TSSs (À200 to 50 bp) and the downstream region of TSSs (0 to 500 bp), were analyzed separately. In each promoter we determined the presence of a single TFBS, multiple
TFBSs and pairs of TFBSs separated by 100 bp. For each GO term we sorted TFBS models by increasing P-values and then estimated the FDR as described above. In our website we presented only TFBSs with over-representation ratio >1.5. An example screen shot of the CisView browser is shown in Fig. 1 . Data are displayed using seven scales in the same page: (i) whole chromosome, (ii) 3 Mb, (iii) 300 kb, (iv) 60 kb, (v) 4 kb, (vi) 500 bp and (vi) 80 bp (4 kb and 500 bp scales are skipped in Fig. 1 ). The location of TFBSs is shown starting from the 60 kb scale. It is possible to highlight specific TFBS patterns, filter them by conservation score or similarity/difference threshold and to display new patterns defined by the user. Information on TFBSs is displayed together with background information on exons and CDS locations, TSSs, repeats and CRMs. The DNA sequence is characterized by the frequency of CG pairs (e.g. CpG islands) as well as some other motifs like CCCC/GGGG, which is known to be associated with regulatory regions. 43 
Results
Genome-wide mapping of TFBSs
Mapping of TFBSs and TSSs in the entire mouse genome was described in the Materials and Methods section. Genome-wide searches of 353 TFBMs (134 matrices and 219 sequence patterns) resulted in 99.5 matches per 1 kb of genomic sequence on average. However, semirandom artificial genome sequences generated using third-order Markov process showed 94.2 matches per 1 kb, suggesting that up to 95% of the TFBSs could be false positives. This is an inevitable outcome of the shortness of TFBMs and is the source of a major difficulty for the computational identification of TFBSs in the genome. Our goal was to include all potential TFBSs in the database and, thus, the large proportion of possible false positives among putative TFBSs was anticipated. In contrast, we estimated that the proportion of false negatives was relatively small (37%), because out of 2502 TFBSs included in TRANSFAC database, 1573 were identified properly using our algorithm. This proportion may even be over-estimated, because some of these TFBSs were of poor quality. For example, out of 11 TFBMs for a matrix V$SP1 01, none matched the SP1 pattern identified by Xie et al. 15 and none was identified with our algorithm.
To identify the subset of TFBSs that is more likely to be functional, we provided tools to filter the TFBSs according to user-defined parameters for evolutionary sequence conservation scores, mismatch scores, associations with TSSs, associations with other TFBSs and associations with genes characterized by a specific GO term. Three examples of using such information and their utilities will be described below. The analysis below will also serve as the assessment for the quality of TFBSs in the CisView database, although the functionality of TFBSs can only be tested by experimental validations.
Analyses of TSS-associated TFBSs
The proximity of TFBSs to the TSSs is one of the key parameters for the functionality of TFBSs. We, therefore, analyzed the distribution of TFBSs in the so-called promoter regions that span from À1 kb to þ1 kb. Obviously, the analyses will be greatly influenced by the accuracy of TSS locations. In the CisView database/browser, the TSSs were grouped into three categories according to the reliability of data source: 18 503 high-quality TSSs, 8958 medium-quality TSSs and 12 960 low-quality TSSs (see Materials and Methods for the details). Because it is known that TSSs are often associated with an increased density of CpG pairs, 17 ,44,45 we plotted the distribution of CpG pairs for each TSS group (Fig. 2A) . The density of CpG pairs had a clear peak near high-quality and medium-quality TSSs, but no peak near low-quality TSSs. Therefore, we first focused on the high-quality TSSs and identified 122 TFBMs that formed a peak of TFBS abundance in the immediate upstream region of high-quality TSSs (from À100 to 0 bp). The peak of TFBS abundance for these 122 TFBMs was statistically higher (chi square, FDR < 0.05) than the TFBS density in the background (from À1000 to À600 bp and from þ600 to þ1000 bp) (Supplementary Table S3 is available at www.dnaresearch.oxfordjournals.org). These TFBMs included TF SP1, ADD ZF5, MIT 001NRF1, TF ELK, TF NFY, TF AHR, TF GABP, ADD WHN, TF MAZR, TF ATF1, TF AP2. Similarly, the density of these TSS-associated TFBSs near the medium-quality TSSs also showed a peak, but as expected there was no peak near low-quality TSSs (Fig. 2B) . To analyze the TSS-associated TFBSs further, we plotted the distributions of TFBSs for individual TFBMs in CpG-rich and CpG-poor promoter regions separately (Fig. 3 , plots for all TFBMs are available on our website). Out of the 353 TFBS distributions that we analyzed, 109 showed peaks at a specific distance from the TSSs either in CpG-rich and CpG-poor promoters at least in one orientation (Supplementary Table S4 is available at www.dnaresearch.oxfordjournals.org, Fig. 3 ). The peaks were significantly higher than the background (FDR 0.1). For example, TF TATA (TATA-box for Tbp) was considerably more abundant in CpG-poor promoters than in CpG-rich promoters (Fig. 3) , which is consistent with the previous report. 46 Some TFBMs showed association with TSSs in CpG-poor promoters (e.g. TF TATA, MIT 042), whereas others showed association with TSSs in CpG-rich promoters (e.g. TF SP1, TF YY1, TF ETS) (Fig. 3) . Most of these peaks were located in a narrow region of the promoter, but some were distributed within the entire CpG islands and showed a broader peak in the plot (Fig. 3, TF SP1) . However, the CpG content alone cannot explain the entire pattern of TF SP1 distributions. There was a significant over-representation of TF SP1 sites from À150 to 0 bp, even after removal of the effect of CpG abundance. Interestingly, we noted that 43 TFBSs had a significant orientation bias (FDR 0.10), which exceeded a 2-fold difference for TF TATA, TF YY1, MIT 010YY1, TF CDX, MIT 063, MIT 075STAT, MIT 076AREB6, MIT 095, MIT 102, MIT 0129 and MIT 148.
We combined these two lists of TFBMs (122 TFBMs from Supplementary Table S3 and 109 TFBMs  from Supplementary Table S4 are available at www. dnaresearch.oxfordjournals.org), which were derived from different methods of analysis, and obtained 145 TFBMs associated with TSSs. Association with TSSs has been reported earlier for 56 binding patterns by Xie et al. 15 The current study confirmed 51 of these patterns and also identified 72 additional TFBMs -500 0 500 1000
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Distance from TSS, bp Tables S3 and S4 are available at www.dnaresearch. oxfordjournals.org). The analysis and identification of TSS-associated TFBSs for these 145 TFBMs seem to increase one's chance to identify the functional TFBSs located in the promoter regions.
Analyses of CRMs
We assume that predicted TFBSs located within CRMs are more likely to be functional than other TFBSs, because they are evolutionary conserved and clustered. This feature is especially important for TFBSs located far from TSSs, which are known to play an important role in the regulation of mammalian genes, because the association with TSSs cannot be used to filter TFBSs. Therefore, we searched for potential CRMs defined as clusters of conserved TFBSs (see Materials and Methods for the details). Based on the grouping of conserved TFBSs we found 739 074 CRMs, which included 26 611 promoters and 22 419 CRMs associated with 3 0 -UTR, and 690 044 DCRMs (Table 1 ). Some promoters (N ¼ 1991) included multiple TSSs, the majority of which were bi-directional. 47 There were 17 053 promoters with high-quality TSSs, 7959 promoters with medium-quality TSSs and 1599 promoters with only low-quality TSSs. Coordinates, sequences, regulatory potential scores (RPS) and FDR values for CRMs can be downloaded from the web site (http://lgsun.grc.nia.nih.gov/cisview).
Among all CRMs, 157 442 (21.3%) had a significantly higher (FDR 0.1) RPS than in comparable semirandom sequences. The proportion of significant CRMs was consistent with the quality of promoters assigned in CisView (Table 1) . It was highest among the promoters with high-quality TSSs (54.8%) and lowest among the promoters with low-quality TSSs (17.6%). This association also supports our classification of promoter quality.
By definition, DCRMs are not located in the vicinity of TSSs or promoter regions, but they may still be associated with TSSs from a long-range perspective. Thus, we analyzed the association of DCRMs with the TSSs by plotting their frequency distribution in the large region that spans from À30 kb to þ30 kb (Fig. 4) . A gap in the center of the graph corresponded to the promoter region, which was omitted from this analysis, because it was already analyzed in the Section 3.2. Results showed that the DCRMs had a strong association with TSSs within the distance of 10-15 kb. Interestingly, the DCRMs were more enriched in the downstream regions (e.g. first introns) than in the upstream regions.
Out of 39 experimentally tested DCRMs, 32 (82%) were present in the CisView database (Table 2 ). Seven missing DCRMs had insufficient conservation scores and, thus, were not identified using our algorithm. We, thus, assume that the majority of functional DCRMs are already included in the CisView database, although it may still contain false positives. Only 12 of the validated DCRMs had a significantly higher (FDR 0.1) RPS than in semi-random sequences. This indicates that criteria used for estimating the regulation potential score (presence of rare or high quality TFBSs and multiple TFBSs of the same kind) are not sufficient for a reliable identification of functional CRMs. Thus, we included all predicted DCRMs in the CisView browser, even if their RPS was not significantly higher than in semi-random sequences. Although the RPS is not 100% reliable, we found it useful for comparison of groups of regulatory regions (e.g. promoters of different quality). 
Analyses of TFBSs by GO annotations
Gene Ontology (GO) annotations can help to identify the subsets of TFBSs that are most likely functional. For example, TF E2F binding site was over-represented in promoters of genes involved in the cell cycle (GO:0007049, N ¼ 117, http://lgsun.grc.nia.nih.gov/ geneindex/mm6/TFBS/go TF E2F.html), which is consistent with previous studies. 48 Thus, TF E2F binding sites that were identified in promoters of these 117 genes are more likely to be functional than those in other promoters.
We also examined TFBSs in promoters of wellestablished muscle-specific genes. 49 We identified 12 TFBMs over-represented (FDR < 0.05) in 28 promoters of muscle-specific genes 49 from À1000 to þ200 bp (Supplementary Table S1 is available at www. dnaresearch.oxfordjournals.org). These TFBMs included TEF, MEF2, MYOD and SRF, which are known to regulate the expression of muscle-specific genes.
50 SP1, which is also considered as muscle-specific transcription factor, 50 had 39 predicted binding sites in these promoters but their over-representation was not statistically significant (FDR ¼ 0.143). Additional TFBMs overrepresented in promoters of muscle-specific genes were KLF, AP4, PAX4 and SREBP. Next, we identified 2017 promoters that contained a combination of multiple MYOD and at least one MEF2 binding sites within the region from À1000 to þ200 bp. As expected, a top GO term over-represented in the list of corresponding genes was muscle development (GO:0007517, N ¼ 26, FDR < 0.001) (Supplementary Table S2 is available at www. dnaresearch.oxfordjournals.org). Other muscle-related GO terms were also significantly over-represented in this list of genes (e.g. contractile fiber, myofibril, sarcomere, actin binding and muscle cell differentiation).
Discussion
In this paper we present a CisView, a freely available online browser and database of mouse regulatory regions and TFBSs in the entire mouse genome. The CisView browser provides information not only on TFBS locations but also on genome contexts including neighboring genes, their exon structure, TSSs, CpG-rich regions, repeats of various types, conservation scores, potential CRMs and CpG islands. With easy navigation tools, the browser can be used to find putative gene targets for any transcription factor or a group of transcription factors. Also it can be used to find over-represented TFBSs or pairs of TFBSs in promoters of a given set of genes. The latter feature is useful for the analysis of co-expressed genes identified by microarray analyses. Users can upload their lists of genes or transcripts and analyze them in various ways. Information on GO terms and protein domains for all the genes makes it possible to select a group of genes that belong to a particular pathway (or share the same protein domain) and then to explore common regulatory elements in their promoters or other CRMs. As far as we know, this is the first database and web interface that combine all these analytical tools in a single package. a RPS is significantly higher (FDR 0.1) than in semi-random sequences generated using the third-order Markov process.
The CisView database contain TFBMs from the TRANSFAC database (public version 7.0) 13 and various literature sources including reports on individual genes, e.g. Nanog, 51 CTCF 52 and LHR-1. 53 We have implemented a new method to determine the core of the binding motif by assessing the most dramatic change in nucleotide frequencies. The current set of TFBMs covers 85% (78 of 92 TFBMs) of core position-weight matrices in the JASPAR database. 54 In addition to 18 503 high-quality TSSs remapped from DBTSS ver. 5.2, we have identified computationally 8958 medium-quality TSSs, which have very similar distributions of CpG pairs and TSSassociated TFBSs to those of high-quality TSSs. All these medium-quality TSSs are most likely functional, because they are supported by either full-length cDNAs, ESTs or gene models (NCBI and Ensembl). Frequent localizations of many TFBMs (e.g. KLF, NERF, TEL, HTF, ZF5, MAF, CTCF and MAZ) at specific distances from TSSs have been shown for the first time. The database also represents 690 044 DCRMs, which include 82% of known DCRMs based on our estimates. This set of DCRMs can be used for exploring their structure and function both experimentally and computationally. Predicted DCRMs matched well with experimentally determined DCRMs. Also they were over-represented within 10-15 kb from TSSs, which is an indirect indication of their role in the regulation of transcription.
Although we expect that CisView provides a useful platform for the analysis of regulatory regions in the mouse genome, we are also aware of limitations in our approach. A set of motifs that we used for the identification of TFBSs is still incomplete. Currently it accounts for 294 transcription factors. This number may be an underestimation because many paralogous transcription factors use the same binding motif. Nonetheless, it is definitely smaller than the total number of transcription factors (N ¼ 2068, NIA Mouse Gene Index, GO:0006355). We also used 105 putative TFBS motifs for which corresponding transcription factors have not been identified yet. Because of the high proportion of false positives, it is important to use additional information on TFBSs, including conservation score, position within a promoter, proximity to other TFBSs, association with functionally related gene sets using tools that are available in the CisView. The method for identification of CRMs, which relies heavily on conservation scores, may not work for non-conserved regulatory regions. To overcome this limitation in the future we plan to use milder criteria of conservation 55 and/or take into account additional information on TFBSs (e.g. similarity scores and association with other TFBSs). The set of analytical tools integrated into CisView can find promoters with a specific combination of up to three TFBSs and identify over-represented TFBSs in a given set of promoters. However, tools for more specialized tasks (e.g. TFBS-based alignment of genomic sequences) are not included. These additional tasks can be handled by other software, e.g. Enhancer Element Locator, 56 Eponine 57 or Genomatix Suite. 58 In summary, the CisView browser/database provides a user-friendly computer environment for studying trancription regulation on the whole-genome scale. Information on TFBSs is presented with the context of neighboring genes and their structures, GO annotations, protein domains, DNA repeats and CpG islands. Analytical tools include search for genes with a specific combination of TFBSs, identification of TFBSs over-represented in a given set of gene promoters and/or enhancers and plotting the distribution of TFBSs within a set of promoters. CisView can be used for interpreting microarray experiments and identifying putative targets of transcription factors.
